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Abstract 
Though a wealth of data exists for the characterization of pedestrian movement, a majority of it originates from experimental 
settings owing to the current state of trackers for real-world scenarios. While these trackers are steadily improving, they remain 
insufficiently reliable for the accurate, microscopic tracking of individuals. We propose the application of evolutionary 
algorithms to the calibration of parameters of existing trackers in order to further optimize their performance in complex cases, 
with an initial focus on feature-based tracking methods. Preliminary results demonstrate a two-fold improvement of tracking 
accuracy and as a strong correlation in performance between cases. 
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1. Introduction 
Pedestrian tracking is a difficult problem, particularly when seeking data of sufficient accuracy for the calibration 
of pedestrian flow models (Mehran et al. (2009)). While video tracking, unlike many other methods, has the 
potential to allow extraction of data for each and every pedestrian crossing the video frame, it must contend with 
substantial challenges such as occlusion, grouping, and the myriad of visual effects (e.g. lighting, shadows, 
distortion, non-human moving objects) which can confuse an automated tracker. 
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Currently, model calibration using video data has for the most part relied either on data from experimental 
settings (for example, Hoogendoorn et al. (2003)) or on video recorded in similarly favorable conditions (Johansson 
et al. (2008)). Though both sources undeniably provide valuable, accurate trajectory data, the applicability of either 
to larger, more complex cases is difficult, and the tracking methodologies are impractical to apply to the majority of 
existing footage of public spaces, namely surveillance and other low-angle recordings. Recently, however, more 
generalized tracking methods, relying on the hybridization of methodologies and/or advanced filtering and human-
detection algorithms, have made great strides. Within pedestrian-dominant samples, Measures Of Tracking Accuracy 
(MOTA, best possible value of 1 – see Bernardin and Stiefelhagen (2008)) of more than 0.80 have been attained 
(Fan et al. (2013)) though accuracies in the 0.50-0.60 range appear to be more common (Ellis et al., 2010). 
In order to attain higher accuracies, a parameter optimization algorithm based on simulated annealing has been 
developed and applied to an initial candidate tracker. Evolutionary methods have been applied to pedestrian tracking 
before: Pérez et al. (2006) applied evolution strategies to improve upon the segmentation stage of a blob-based 
tracker, succeeding in ameliorating the detection of pedestrians as single entities. In contrast, instead of targeting 
specific facets of the problem, our method aims at evolutionary optimization of the entire tracking method through 
calibration of all underlying parameters, with the goal of achieving solution parameters which are optimal, or near-
optimal, for a range of scenes. 
The initial candidate tracker for optimization is taken from the open-source Traffic Intelligence (TI) project and 
is an implementation of feature-based tracking (described in Saunier and Sayed (2006)). Initially designed for the 
monitoring of road traffic, TI is used for multimodal tracking of the complex movements within intersections, 
notably including conflict detection between vehicles and pedestrians. Utilizing a feature-based tracking method, it 
can cope with partial occlusion by following distinguishable elements of a moving object rather than the object as a 
whole, resulting in excellent accuracy when used in its intended cases (MOTAs between 0.6 and 0.85: Jodoin and 
Bilodeau (2013)). Such cases, however, primarily involve vehicles: MOTA calculated for pedestrians alone tends to 
be lower (near 0.50) in the same cases, despite pedestrian density typically being very low. 
2. Methodology 
2.1. Data collection 
Test data is collected from two locations. The first is a central hallway within Polytechnique Montreal, serving as 
the primary means of movement between the two buildings of the school, and including a stairway and access to 
auxiliary hallways and classrooms. The second is the exterior of the subway station/bus terminal, in Montreal, with 
cameras covering both entrances as well as the entirety of the exterior terminal. In both cases, multiple hours of 
video were recorded using wall-affixed wide-angle cameras at a resolution of 1280x720 pixels, during periods 
selected to include the busiest portions of the day. 
Tracks (ground truth) were entered manually for four separate one-minute sequences (presented in Fig. 1) each 
selected to contain a range of densities as well as some cross- or bidirectional flow. Two sequences were drawn 
from each location, covering the same area (from alternate angles in the case of Polytechnique); in each case, one 
sequence is used for calibration, and the second to test the generalizability of solutions to similar situations. 
Densities were estimated to range between 1 and less than 0.1 pedestrian per square meter, reaching the upper limit 
primarily in the subway station test sequence. All sequences, with the exception of the Polytechnique calibration 
sequence, include one or more loitering individuals whose limited movements served as an additional challenge for 
the tracker. 
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Fig. 1. Example frames taken from the four studied videos. a. and c. represent the calibration sequences recorded in Polytechnique Montreal and 
the  metro station, respectively. b. represents the same location and movement complexity as a., but recorded at a different time by a camera 
installed at the opposite end of the hallway. d. represents footage taken from the same camera as c., yet recorded during the arrival of a bus, 
resulting in higher pedestrian volume and densities near the door. 
2.2. Fitness measure: MOTA & MOTP 
The primary fitness measure used in the optimization of TI is the tracking accuracy, as measured by MOTA. This 
metric requires a preliminary matching step between the tracks output by the tracker and the ground-truth. To count 
as a match within a given frame, a track must first be the closest track to the ground-truth object. Second, it must be 
within a maximum distance of said object; given our interest in microscopic model calibration, this maximum 
distance was set at one meter, based on average human build and step size. 
Though the ground-truth was first established for all individuals visible in each scene, initial tests revealed the 
inability of the tracker to reliably track pedestrians smaller than 20-30 pixels without incurring substantial over-
detection of larger/closer objects due to the increased sensitivity. In order to attenuate this problem, matching was 
therefore limited to the closer areas with higher complexity in both scenes (in proximity to bottlenecks, obstacles 
and multidirectional flow); these areas correspond to the hallway between the two cameras in the Polytechnique 
sequences, and to within twelve meters of the camera in the subway station videos. To avoid unjustly penalizing the 
tracker, tracks more than one meter outside these areas were ignored. 
Once the matches have been computed, MOTA is calculated as: 
ܯܱܶܣ = 1 െ σ (௠೟ା௙௣೟ା௠௠௘೟)೟
σ ௚೟೟
 (1) 
Where mt, fpt and mmet are the number of misses, false positives and mismatches, respectively, at frame t, and gt 
the number of ground truth objects in the same frame. It should be noted that although MOTA has a maximum 
possible value of 1 (representing perfect tracking accuracy) negative values are possible if sufficient errors (false 
positives) are made. 
The Measure Of Tracking Precision (MOTP) is a simple measure, representing the average distance between 
computed and real tracks across all frames and objects. It ranges from zero (no error) to a maximum corresponding 
to the maximum matching distance. Initially, MOTP was normalized to vary on the same scale and in the same 
direction as MOTA, and fitness measure consisted of the weighted average of the two. However, testing revealed 
that, regardless of the weights used, MOTP would be improved at the expense of MOTA; the latter requires 
simultaneously better pedestrian detection and tracking error-reduction to increase, whereas MOTP can be 
“improved” solely by increasing noise. As a result, MOTP is still calculated, but MOTA was used as the sole fitness 
indicator in all subsequent optimizations. 
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2.3. Evolutionary optimization algorithm 
A simulated annealing algorithm was developed specifically for video-tracking optimization; its basic structure is 
summarized in Fig. 3. This algorithm was selected because it stochastically allows movement to less optimal 
solutions, permitting nimble avoidance of local maxima (Kirkpatrick et al. (1983)) – particularly during the initial 
iterations. Neighbor solutions at each incremental iteration were generated by randomized selection of one to three 
parameters, followed by equally random – but bound – addition/subtraction. Boundaries were specified owing to the 
varying natures of the parameters, and were decreased whenever the algorithm stagnated for a sufficient number of 
iterations in order to strike an acceptable balance between convergence time and an optimal final solution. 
Table 1. Parameters used in the optimization of Traffic Intelligence (* denotes parameters that are in pixels if no homography is provided to the 
tracker. 
  Parameter name Type Min. Max. Description 
FE
A
TU
R
ES
 
feature-quality float 0 1 Minimum quality of corners to track. 
min-feature-distanceklt float 0 10 Minimum distance between features, in pixels. 
window-size int 3 10 Distance within which to search for feature in next frame, in pixels. 
pyramid-level int 1 6 Maximum pyramid level for feature tracking. 
ndisplacement int 2 4 Number of displacements to test minimum feature motion. 
min-feature-displacement float 0 0.1 Minimum displacement of features between frames (pixels). 
acceleration-bound float 1 3 Maximum ratio of speeds between frames. 
deviation-bound float 0 1 Maximum cosine of feature trajectories between frames. 
smoothing-halfwidth int 0 11 Number of frames to smooth positions. 
min-tracking-error float 0.01 0.3 Minimum error to reach to stop optical flow. 
min-feature-time int 5 25 Min. time (in frames) a feature must to exist to be saved. 
O
B
JE
C
TS
 mm-connection-distance float 0.5 2 Distance to connect features into objects, in meters*. 
mm-segmentation-distance float 0.1 1.9 Segmentation distance, in meters. Must be less than connection distance. 
min-features-group float 1 4 Minimum number of features required to create a group. 
H
O
M
O
G
R
A
PH
Y
 elevation-1 float 0 1.5 
Elevations relative to ground-level of each of the four points used to 
calculate the homography matrix, in meters. 
elevation-2 float 0 1.5 
elevation-3 float 0 1.5 
elevation-4 float 0 1.5 
homography-correction float -0.5 0.5 Elevation difference between tracker and ground-truth homographies, in meters. 
 
In the case of TI, 14 parameters listed in table 1 affect the tracking process and were therefore incrementally 
adjusted by the algorithm. Said parameters can largely be divided into two primary functions: 11 influence feature 
detection and tracking (notably, minimum quality of features to track and bounds on acceptable movement between 
frames) and 3 influence the grouping of detected features tracks into objects (i.e. how many features are necessary to 
create an object, and how similar their behavior must be to be considered as part of the same tracked object). 
Given that pedestrians are generally taller than wide and that analyzed video sequences tend to be recorded from 
close-up, projecting points in the video-space to real-world coordinates (using a homography matrix) is problematic 
when point correspondences are established at ground level (as is most commonly done in video-based tracking). 
Therefore, in order to accommodate both the difficulty of predicting the elevation at which pedestrians would 
ultimately be detected and that of establishing that elevation in the video frame, point correspondences were entered 
as four in-frame vertical lines, and the elevations to use in computing the homography were included as four 
additional parameters for optimization. 
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Fig. 2. Flow diagram of the parameter optimization algorithm. 
A final parameter was added in order to allow automatic correction of errors due the differences in determining 
pedestrian positions between the tracker-results and the ground-truth: while the latter is calculated as the center of a 
box bounding each individual, the former is the average position of each group of features. Since features are more 
easily detected on parts of an object whose movement is relatively constant (e.g. it is easier to detect a person’s chest 
than their foot) TI tends to track pedestrians’ relatively immobile upper bodies, resulting in higher tracks. Thus, 
under the assumption that the induced error is at least approximately consistent, the correction parameter represents 
the difference in elevation between the two detection planes, leading to separate (but parallel) homography matrices 
for the tracker and ground-truth tracks.  
3. Results 
After 800 iterations, accuracy and precision were consistently higher with the algorithm-optimized tracker than 
with manual/visual calibration, both for the sequences used for optimization and the test cases. It should be noted 
that these results are those of the third run of the optimization algorithm, using the manually selected parameters as a 
starting point. The two previous runs, one starting from the default parameters (those initially contained within the 
tracker configuration files) and the other from parameters set to the center of their respective boundaries, both 
resulted in MOTAs in the 0.30-0.40 range after 3000 iterations. 
Table 2. MOTA and MOTP (in meters) after both algorithm and manual optimization (performed by one of TI’s authors) 
on the calibration cases, both in the sequences used for calibration and in test sequences from the same location. 
Calibration\Test scene Calibration Scene Test Scene 
Polytechnique Corridor   
- Algorithm-calibrated 0.58/0.53 0.51/0.59 
- Manual  0.28/0.58 0.48/0.51 
Subway Station Entrance   
- Algorithm-calibrated 0.50/0.56 0.26/0.44 
- Manual  -0.01/0.51 -0.22/0.46 
 
Visualizing the tracks before and after optimization in these three cases suggests that the difference is not 
primarily a consequence of the algorithm itself, but a result of a qualitative difference in the original tracks leading 
to alternative optimization strategies. Tracks generated by TI using random parameters consist largely of noise, and 
optimization of said parameters seems to leads to heuristic strategies; for example, decreasing feature-detection 
sensitivity and increasing the grouping range, leading to accurate detection of groups, but also the inability to 
distinguish the individuals within them. In contrast, manually-calibrated TI tracks movement relatively well, 
limiting the problem to, primarily, one of grouping and homography. This advantage also translates into faster 
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convergence (a half-correct global optimum has better performance, and is therefore easier to detect, than “half-
correct” noise) and more generalizability (as the tracker’s performance is not as tied to the specifics of the 
calibration scene). 
Comparison of the calibration and test sequences reveals that TI’s performance is more dependent on the 
complexity of the pedestrian movement than on geometry or camera angle. The two Polytechnique sequences, 
ostensibly of similar complexity but with opposite camera angles, demonstrate comparable MOTAs and proportions 
in their errors. Conversely, application of the subway-station-optimized parameters to the superficially identical test 
sequence (which in fact represents footage from the same video, recorded only two minutes prior to the calibration 
sequence) yields half the accuracy and a markedly higher number of misses, likely a result of the substantial 
grouping observed after the unloading of a bus. 
Finally, the results within the calibration sequences demonstrate that the parameter optimization can produce 
adequate tracks even in situations where the density of detected features renders visual validation (and therefore 
manual calibration) difficult, and can do so in only a few hundred iterations (a few hours on a modern personal 
computer). This may facilitate the application of TI to new cases, even in the multimodal, road-traffic cases for 
which it was initially conceived. 
4. Future work 
The improvements offered by the algorithm show promise, particularly given that the sequences tested were 
chosen specifically for their complexity. An obvious next step will be the comparison of optimized TI with other 
trackers on a same dataset. More interesting, however, will be the use of the developed optimization algorithm with 
other candidate trackers; indeed, the modularity of the optimization code greatly facilitates the swapping of one 
tracker for another, the only fundamental change being the modification of the neighbor-solution generator. It will 
be interesting to note whether the consistency in relative performance is a feature of sufficient optimization or solely 
one of the studied tracking method. 
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